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• U.S. Federal research policy
• European Research Council
• Research Councils of the UK
• Australian Research Council




• Deposit datasets in a data archive
• Link datasets to journal article or publication





• Cite data and software
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Wilkinson, et al. (2016). The FAIR Guiding Principles for scientific data management and stewardship. Scientific Data, 3, 
http://dx.doi.org/10.1038/sdata.2016.18
5
Data Challenges in Space Studies
• How to make data useful and reusable?
• How to decide what data are worth keeping?
• How to balance incentives and benefits?
• How to steward data resources?




9Data are representations of 
observations, objects, or other 
entities used as evidence of 
phenomena for the purposes of 
research or scholarship. 
Kivelson, M. G., & Southwood, D. J. (2003). First evidence of IMF control of Jovian magnetospheric boundary locations: Cassini and Galileo 
magnetic field measurements compared. Planetary and Space Science, 51(13), 891–898. https://doi.org/10.1016/S0032-0633(03)00075-8






• Dataset time 1
• Dataset time 2
• Observation time 1
• Visualization time 3




Center for Embedded Networked Sensing
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• NSF Science & Tech Ctr, 2002-2012
• 5 universities, plus partners
• 300 members
• Computer science and engineering
• Science application areas
Slide by Jason Fisher, UC-Merced, 









Biologist: “There are hundreds of 
ways to measure temperature.
‘The temperature is 98’ is low-value 
compared to, ‘the temperature of the 
surface, measured by the infrared 
thermopile, model number XYZ, is 98.’ 
That means it is measuring a proxy for a 
temperature, rather than being in contact 
with a probe, and it is measuring from a 
distance. The accuracy is plus or minus .05 
of a degree. I [also] want to know that it 
was taken outside versus inside a 
controlled environment, how long it had 
been in place, and the last time it was 
calibrated, which might tell me whether it 
























































Borgman, et al. (2007). Drowning in data: Digital library architecture to 
support scientific use of embedded sensor networks. JCDL
Diagram by Jillian C. Wallis
Deep Subseafloor Biosphere
• Center for Dark Energy Biosphere Investigations (C-DEBI)
• International Ocean Discovery Program (IODP)
• Microbial communities in the seafloor
• Highly multidisciplinary
16http://iodp.org/expeditions
Darch, P. T., & Borgman, C. L. (2016). Ship space to database: Emerging infrastructures for 
studies of the deep subseafloor biosphere. PeerJ Computer Science, 2, e97. 
https://doi.org/10.7717/peerj-cs.97
Center for Dark Energy Biosphere Investigations
Repository for seafloor cores. Photo: Peter Darch
International Ocean Discovery Program
Iodp.tamu.org
• NSF Science & Tech Ctr, 2010-2020
• 20 universities, plus partners (35 institutions)
• 90 scientists
• Biological sciences
• Physical sciences 17Slide by Peter T. Darch, UIUC
CRUISES
PHYSICAL SCIENCE ANALYSES IN 











Data Diverge During Scientific Work
18Slide by Peter T. Darch, UIUC
Infrastructure
Dimensions of Infrastructure
Star, S. L. & Ruhleder, K. (1996). Steps toward an ecology of infrastructure: Design and access for large information spaces. Information Systems Research, 7(1): 111-134. Figure by Florence Millerand, from: Edwards, P. N., Jackson, 































































Accomazzi, A., & Dave, R. (2011). Semantic Interlinking of Resources in the Virtual Observatory Era. arXiv:1103.5958 23
Slide: Alberto Accomazzi, ADS
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Photo by @kissane; presentation by Jason Scott (@textfiles)
CC Sean MacEntee, Flickr
Lack of incentives to share data
• Labor to document data




• Lack of expertise and staff
• Lack of sustainability…
26Image source: www.buildingsrus.co.uk/.../ target1.htm
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Comparative Data Reuse  <–>  Integrative Data Reuse
Goal “Ground truthing:” calibrate, 
compare, confirm 
Analysis: identify patterns, 
correlations, causal 
relationships 
Example Instrument calibration, 




Frequency Frequent, routine practice Rare, emergent practice
Interpretation Interactional expertise, 
‘knowledge that’
Contributory expertise, 
‘knowledge how,’ tacit 
knowledge
Pasquetto, I. V., Borgman, C. L., & Wofford, M. F. (2019). Uses and reuses of scientific data: The data creators’ advantage. Harvard Data Science Review, 1:2, 
https://hdsr.mitpress.mit.edu/.
Data creation and reuse: The Ideal
28
http://www.lib.uci.edu/dss/images/lifecycle.jpg
Data Stewardship: The Reality
29
Mount Wilson Solar 
Observatory, 2017












• Collaboration and openness
• International coordination
• Long-term value of data
• Agreed standards






– Tools and technologies
Photos by C.L. Borgman 30
Infrastructure: Fragility
• Investments in data stewardship
– Mission, instrument
– Type of research
• Space-based vs. ground based
• Large missions vs. observing proposals
• Shared vs. custom instruments 







– Local pipelines, tools, scripts
Photos by C.L. Borgman 31
Discussion
Scientific Data and Infrastructure











LSST All Hands Meeting, August 2014, Arizona State University. Arrow to Peter Darch
Telescope for the Sloan Digital Sky Survey, Apache Point, New Mexico
Data, Infrastructure, and Stewardship
• Whose data?
– Global, comparative, fungible
– Local, integrative, specific
• Whose infrastructure?
– Funders, universities, companies
– Individual investigators
• Whose stewardship?
– Maintain collections, models, instruments, technology, code…
– Invest in people, skills, collaborations
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Humboldt Forum, Interdisciplinary Studies, May 2019. © SHF / hi.res.cam
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